The environmental impact assessment (EIA) is a real problem of multicriteria decision making (MCDM) where information, as much quantitative as qualitative, coexists. The traditional methods of MCDM developed for the EIA discriminates in favor of quantitative information at the expense of qualitative information, because we are unable to integrate this latter information inside their procedure. In this study, we present two new multicriteria decision fuzzy methods called fuzzy in preference ranking organization method for enrichment evaluation (FPROMETHEE 2T ) I and II, which are able to integrate inside their procedure quantiative and qualitative information. This has been performed by applying a new linguistic representation model based on two tuples. These methods, although they have been developed for EIA problems, can be applied to all sorts of decision-making problems, with information of any nature. Therefore, the application of this method to real problems will lead to better results in MCDM. The main interest of our investigation group currently is to develop a set of different multicriteria decision fuzzy methods to be integrated inside a software program that works as a multicriteria decision aid.
INTRODUCTION
Decision-making problems are search processes that look for the best option among (a large number of) possible alternatives, which are given as the feasible solution to a certain problem. This situation is very common in real life, both in simple situations or in unimportant activities and also in more complex and important affairs with greater social and economic consequences. [1] [2] [3] The process of choosing a restaurant to eat in is similar to that of establishing the most appropriate layout for a freeway, but the social and economic significance of the second is obviously higher. The more important the choice, the greater the number of variables and factors that need to be taken into account in the decision-making process. For this kind of problem, decision support systems are extremely useful because they help decision makers deal with very complex problems.
Different methods to cope with multicriteria decision making (MCDM) problems have been developed: preference ranking organization method for enrichment evaluation (PROMETHE), ELECTRE, AHP, etc. 4 -6 All of these methods can only handle quantitative information and therefore cannot be used when qualitative information is present (as occurs in any real situation). 5, 7 To cope with this, these methods have been used in MCDM on environmental impact assessment (EIA) problems, in which qualitative information was traditionally transformed into numerical information using an ordinal scale. 8, 9 However, the drawback of this was that it could cause major problems in projects of considerable scope in which a bad choice could lead to far-reaching economic, social, and cultural repercussions.
Because of the imprecision and subjectivity of the information associated with these kind of problems, the crisp values are completely unsuitable for solving certain decision-making problems. A much more realistic approach would be to use linguistic estimators instead of numeric values, in other words, to use linguistic variables in the processes of the different MCDM methods.
The application of the fuzzy set theory to the MCDA methods has resulted in the appearance of different fuzzy methods able to manage both qualitative and quantitative information perfectly. 10 -12 In decision problems in which the different linguistic variables are composed of a finite set of linguistic terms, the final result maybe not correspond to any terms in the original term set of the linguistic variable. 13 Therefore, a process of linguistic approximation must be performed.
The linguistic approximation causes a loss of information, and, therefore, a lack of precision in the final results of the decision problems. To avoid this new drawback, we will use a new fuzzy model of linguistic representation with two-tuples. The application of the two-tuple model to the fuzzy MCDM methods considerably improves the results obtained. This is caused by the recovery of the information that the fuzzy methods lost in their linguistic approximation.
Currently, our main interest lies in developing decision support systems that are capable of handling both numerical and linguistic information in MCDM problems. More specifically, we are interested in solving 1 . The problem of adding linguistic information to discrete multicriteria decision methods. For this, the theory of fuzzy sets 14 will be used. 2. To avoid any loss of information (approximation process) with the linguistic approach by using the new two-tuple-based model to represent linguistic information.
To do so, we have started with the crisp multicriteria decision PROMETHEE I and II methods, 18 -20 which belong to the family of outranking methods of the European school of MCDM, generating two family fuzzy in methods known as FPROMETHEE and FPROMETHEE 2T . We have chosen the PROMETHEE methodology because (a) it seems to be completely adequate for the applications we are interested in (see further remarks in Section 6) because it models preferences flexibly simply within its procedure, and (b) it is perfectly intelligible for decision makers because it is one of the most intuitive multicriteria decision methods.
In this study, we will attempt to outline our progress in this research area.
PROMETHEE I AND II METHODS
PROMETHEE is an MCDM method developed by Brans and Vincke. 18, 19 This method starts from the decision matrix that comprises of a set of choice criteria C ϭ {c 1 , . . . , c j , . . . , c n }, a set of alternatives A ϭ {A 1 , . . . , A i , . . . , A m } given as possible solutions to the multicriteria decision problem, and a set of weights associated with the criteria W ϭ {w 1 , . . . , w j , . . . , w n }, which reflect the relative importance of the different criteria in the decision-making process. Each alternative A i ϭ {a i,1 , . . . , a i, j , . . . , a i,m } is formed by a group of valuations a i, j and the set of all of them form the decision matrix, that is to say, a i, j is the valuation given to the alternative i with regard to the criteria j. The PROMETHEE methodology belongs to the category of outranking relation-based methods 5, 18, 21 that divide the decision-making process into two distinct phases:
1. Construction of the so-called "outranking relation" from the data contained in the decision matrix 2. Exploitation of this outranking relation in order to obtain the best alternatives
The "outranking relation" in an MCDM problem, say , is a real value so that for each couple of feasible alternatives ( 1] that approximately represents the credibility of the statement "the alternative A i outranks or overcomes the alternative A k ."
The outranking degree is calculated as
where w j is the weight associated to each of the criteria, say ( g j ( A i ) ϭ a i, j ), and F j is a group of preference functions For each criterion, the decision maker can choose from a set of six different types of functions, which we can see from Figures 1-6. These are not the only functions and the decision maker can design or choose others, but experience has shown that this set of six preference functions is enough to model the decision maker's preferences.
Once built, the outranking function is used to obtain three new functions on the set of alternatives known as inflow ( 
The outflow for an alternative A i measures how many alternatives A k are outranked by A i and is calculated by ϩ : A 3 ͓0, 1͔ 
And the net flow is the difference between the outflow and the inflow:
PROMETHEE I provides a preorder in the set of alternatives based on the inflow and outflow, and PROMETHEE II provides a preorder on the set of alternatives based on the net flow. 7 By using these two preorders, the PROMETHEE I method obtains a final preorder with the following meaning: "an alternative A i overclassifies the alternative A k , S( A i , A k )" if one of the following conditions proves to be true:
Using the net flow, the PROMETHEE II method builds a final preorder from the alternatives with the following meaning: "an alternative A i overclassifies the alternative A k , S( A i , A k )" if the following proves to be true: The solution of both PROMETHEE methods depends on the different parameters used to build the outranking relation, although it has been shown that these methods are very robust (much more so in fact than other methods) against possible variations of their parameters.
Although these methods have been designed to work on numerical values, they have been used to deal with EIA problems 9 where qualitative values (linguistic terms) are present. To do so, an ordinal scale with discrete values is introduced to represent such qualitative values and then the procedure for both methods is directly applied. This may be observed in Ref. 8 where 12 of the 15 decision criteria are qualitative.
All results obtained with this ordinal scale have a very important loss of information, but in recent years, several authors have worked on constructing true linguistic versions of PROMETHEE, 3, [22] [23] [24] [25] [26] mainly by using the fuzzy sets theory (perhaps the most natural way to represent and handle linguistic information). In the following sections, such developments are presented, together with our own approaches.
FUZZY PROMETHEE I AND II
The fuzzy methods FPROMETHEE I and II 3, 22 use fuzzy sets to include perfectly both quantitative and qualitative information in their procedure. In the FPROMETHEE methods each criterion is introduced as a fuzzy number. This comes from the fact that in most cases, the input information cannot be defined within a reasonable degree of accuracy. Fuzzy numbers are presented in the form x ϭ (m, a, b) LR and the basic operations with fuzzy numbers, as presented by Dubois and Prade. 25, 26 The procedure of the PROMETHEE methods described in the previous section was followed step by step for the cases in which the performance of alternative solutions can be determined only approximately and therefore is introduced into the calculations as a fuzzy number. Other parameters, expressing the opinion of the decision maker, such as the weighting factors and preferences are considered as regular information with precise numerical values and not as fuzzy numerical values.
The FPROMETHEE method needs all the information contained in the fuzzy decision matrix to be comparable in order to build the fuzzy outranking relationship. After constructing the fuzzy outranking relation, the approach is similar to the crisp one to obtain FPROMETHEE I and II. In other words, in these methods, the performance of alternative solutions are fuzzy and the preferences of the decision maker are not.
These methods have been applied successfully to decision-making problems in areas such as the iron and steel industry 3 or the exploitation of alternative energy sources 22 or nuclear waste management. 2 In Refs. 3 and 22 the problem of information loss is present within the process of linguistic aggregation.
A NEW VERSION OF FUZZY PROMETHEE I AND II USING THE TWO-TUPLE REPRESENTATION TO MODEL PREFERENCES
The linguistic aggregation process of the fuzzy multicriteria decision methods (computing with words), most of the time, produces a loss of information; therefore, there is a lack of precision in the final results of the fusion of linguistic information. The two computational techniques of linguistic aggregation used in the specialized literature present this common drawback in their processes. These computational techniques are
• The first one is based on the extension principle, which allows us to aggregate and compare linguistic terms through computations on the associated membership functions. It is well known that the vagueness of the results increases step by step and the final results of these methods are fuzzy sets that do not correspond to any terms in the original term set.
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• The second one is the symbolic method, which acts by direct computations on the labels only taking into account the order and the properties of such linguistic assessments. This method uses a process of approximation together with its computations to obtain the results in the initial term set. 28 An example can be seen in Figure 7 , where we can observe that the vagueness of the result increases in each linguistic aggregation.
In both approaches, the results usually do not exactly match any of the initial linguistic terms; therefore, an approximation process must be developed to express the result in the source expression domain. This produces the consequent loss of information and hence the lack of precision. The loss of information in the linguistic approximation process can be seen in Figure 8 .
Looking at this figure, let us suppose that the gray triangular fuzzy number is the result of a linguistic aggregation process, the result of the linguistic approximation may, e.g., be the black linguistic label. This loss of information in the linguistic approximation affects the results of the fuzzy MCDM methods. The linguistic representation model based on two tuples avoids this problem by considering the error made during the linguistic approximation process. 15 Our research focuses on the application of the two-tuple representation model to the methods FPROMETHEE I and II in order to obtain FPROMETHEE 2T I and II, which improve the results obtained in decision making because there is no longer a loss of linguistic information in the aggregation processes.
The Two-Tuple Linguistic Representation Model
The two-tuple representation model 16 is used to represent linguistic and numerical information. Therefore, all the relevant information for a decisionmaking problem is represented by this two-tuple model in a single internal representation that includes all the original information, generally, of a multigranular nature (a linguistic variable with different granularity and/or semantic, for each 
Together with this linguistic representation model, a wide range of two-tuple aggregation operators have been developed extending classical aggregation operators. 15 Furthermore, comparison operators that are performed according to an ordinary lexicographic order also have been defined. Let (s k , ␣ k ) and (s l , ␣ l ) be two tuples, and then
General Application Synopsis of the Two-Tuple Linguistic Representation Model
The application of the two-tuple linguistic representation model 17 to any MCDM method contains the following steps:
1. Uniform expression of the information. In this step, the BLTS must be chosen S T ϭ {s 0 , . . . , s u } on which the model will work. We select S T as BLTS, because of the fact that the conditions (a) S T is a fuzzy partition and (b) the membership functions of its terms are triangular, i.e., s i ϭ (a i , b i , c i ) are necessary and sufficient for the transformation between values in [0, 1] and two tuples is performed without loss of information. 15 If S T does not satisfy the foregoing conditions, then we shall choose as BLTS a term set with a larger number of terms than the number of terms that a person is able to discriminate (normally, 11 or 13), satisfying the foregoing conditions. We normally choose the BLTS, with 15 terms symmetrically distributed, with the following semantics ( Figure 9 ).
Remark 1.
The authors of the two-tuple model should point out that the justification on this choice is based on the idea that the semantic is a parameter used by the conversion process, and, thus, it has an effect on the final result. Furthermore, they decided to use a symmetrical term set with a granularity bigger than the number of terms that an expert or decision maker is able to discriminate (11 or 13; see Ref. 29 ). 4 . Two-tuple aggregation process. In the previous step, the information of the decisionmaking problem was represented by two tuples, and here it is aggregated, and using the concept of symbolic translation ⌬ allows us to transform the results of aggregation to a two-tuple and vice versa without any loss of information. This aggregation process will depend on how the fuzzy multicriteria method must be used to obtain the alternative(s) to solve the decision-making problem, i.e., the aggregation operators are based on numerical ones such as "extended arithmetic mean," "extended weighted average," etc. 17 In our case, these are the fuzzy multicriteria methods FPROMETHEE I and II, which we will examine in the following section. 5. Backward process. This step consists of expressing the results obtained by the multicriteria decision method applied (in the previous step) expressed on a BLTS, in 
The Fuzzy Methods PROMETHEE I and II (FPROMETHEE

2T )
In this section, we will present the development of two new multicriteria decision fuzzy methods called FPROMETHEE 2T I and II using the new linguistic representation model based on two tuples. These methods have been developed to work with quantitative and qualitative information; therefore, they can be used in real EIA problems and any sort of multicriteria decision problems.
Let S T ϭ {s 0 , s 1 , . . . , s u } be a linguistic term set with a sufficiently high cardinality, e.g., u ϭ 15, C ϭ {C 1 , . . . , C n } a set of n fuzzy criterion, and Ã ϭ The outranking relation (2T) approximately represents the credibility of the statement "the alternative Ã i fuzzy outranking or it overcomes the alternative Ã k ." This fuzzy outranking degree is calculated using the expression : Ã ϫ Ã 3 S T ϫ ͓Ϫ0.5, 0.5͒
An example of the preference function is presented in Figure 10 with the fuzzy thresholds of indifference (q j ) and preference ( p j ), where
The fuzzy thresholds are included in the decision-making process as either linguistic terms q j , p j ʦ C i or a number v ʦ [0, 1], which in such cases is included as p j ϭ ⌬( ( RS t ( p j )) ) and q j ϭ ⌬(( RS , (q j ))) where p j , q j ʦ R and R are the linguistic variables where the decision maker takes linguistic terms to express his personal preferences.
In the procedure of FPROMETHEE 2T I and II methods, the fuzzy inflow ( Ϫ ), fuzzy outflow ( ϩ ), and net flow () are defined as
) and m is the cardinality of Ã . 
From these flows, we finally obtain a new outranking relation on the set of alternatives, which is
Finally, using the outranking relation S, we obtain a classification of the different alternatives of the problem. The intermediate results and the final classification can be obtained in the initial domain of the information using the backward step defined in Section 4.2.
EXAMPLE
We shall apply the two-tuple representation in a decision-making problem. In this example we have included as much qualitative information as quantitative information to show that this new multicriteria decision method integrates information perfectly and of a different nature. A bus company wishes to build a bus station and it needs to decide which of seven possible cities it will choose. To do so, it is necessary to rank the cities taking into account their different needs according to the number of inhabitants (NH), requirements (RE) of the innercity bus, vicinity (VI), and connection (CO) with other access roads to adjacent towns. The type of preference function F j , thresholds of indifference q j and preference p j , weights w j , and alternatives A i are shown in Table I . In Table II we have the same information but under the new linguistic two-tuple representation model.
All the information of the decision-making problem is shown in Table I . The preference function F j used in the decision-making problem corresponds to the preference function with preference threshold, like we can see in Figure 3 . The fuzzy methods PROMETHEE 2T I and II allow us to use the same or different linguistic variables for weights and criteria, but to simplify and make clearer the example, we used the linguistic variables given in Figures 11 and 12 .
Before applying the fuzzy multicriteria decision methods PROMETHEE 2T I and II, we must apply all the steps given in Section 4.2:
1. To make uniform the information, we choose a BLTS with 15 terms symmetrically distributed as we can see in Figure 9 . 
To convert the information of the MCDM problem (Table I) ⌬͑͑w 0 ͒͒ ϭ ͑s 9 , 0.36͒ ⌬͑͑w 1 ͒͒ ϭ ͑s 9 , 0.36͒ ⌬͑͑w 2 ͒͒ ϭ ͑s 7 , 0͒ ⌬ ͑ ͑w 3 ͒͒ ϭ ͑s 2 , 0.36͒ Table VII . Outranking relation of FPROMETHEE 2T I method. The final result of this step is shown in Table III . 3. Applying the different multicriteria decision methods to the decision-making problem. Table IV shows the result of applying FPROMETHEE I and II to the input data, the outranking relationship appears in Table V and the ranking result is shown in Figure  13 for FPROMETHEE I. We can see that the alternatives Ã 0 and Ã 5 are mutually incomparable. This happens when one alternative Ã i is good on a set of criteria in which the second is weak and reciprocally the second alternative Ã k is good on criteria in which the first is weak. In Tables VI and VII the results of the FPROMETHEE   2T I method are the ranking result in Figure 14 . In Figure 15 we can see the ranking of the FPROMETHEE 2T II. In this figure it is possible to see a great improvement in the results. 
ADDITIONAL REMARKS
The EIA is both a complex decision-making problem and a key step (to provide essential information) for very difficult decision-making problems with far-reaching social repercussions. The EIA itself handles a large amount of data, which can come from quantitative and qualitative sources alike and so it would be useful to develop suitable decision support systems to facilitate the EIA task. Currently, our research group is developing a research project to develop software tools to support the EIA process and we are interested in developing new fuzzy methods like FPROMETHEE 2T so that they may be used in the EIA.
